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A. Deterministic

C. Full

B. Diagonal

(a) FreiHAND (b) HO3Dv2

• Introduce aleatoric uncertainty modeling into 3D hand pose estimation

• Achieve a better trade-off btw. modeling joint correlations & efficiency

• 2D histogram btw. MPJPE error & estimated uncertainty

• Sparsification curve: sorted based on estimated uncertainty 

and top x% most certain joints are evaluated
• Oracle (GT): sorted by actual MPJPE error, Random: sorted randomly 

• (Top) Achieve superior uncertainty 

estimation performance

• (Bottom) Maintain competitive 3D 

hand pose estimation performance

Independence-assumed space → correlation-aware space 
using a single linear layer of weights 𝐖

Quantitative Results

• g ∶ ℝ!! → ℝ!"
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1. Summary

Contributions

2. Preliminary

B. Uncertainty modeling w/ diagonal cov. matrix

C. Uncertainty modeling w/ full cov. matrix

• g ∶ ℝ!! → ℝ"#!"

• ℒ$%% = log 𝑝(𝒚|𝝁, 𝝈")) = 𝒚'𝝁 #

"𝝈#
+ 0.5 log𝝈"

• g ∶ ℝ!! → ℝ!"*!"#

• ℒ$%% = log 𝑝(𝒚|𝝁, 𝜮))

=
1
2
(𝒚 − 𝝁)+𝜮',(𝒚 − 𝝁) + 0.5 log det 𝜮

4. Experiments

A. No uncertainty modeling: Deterministic

Qualitative Results

3D hand joint
positions 
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Limitation in 3D Hand Pose Estimation

parameter-efficient    correlation modeling

parameter-efficient    correlation modeling

3. Method
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1. Add uncertainty regressor to output per-joint variances

2. Independence-assumed space: formulate zero-mean Gaussian dist.

3. Transform into correlation-aware space: Draw N samples → apply

a single linear transformation → add mean

Key Idea: Mid-representation between Diagonal and Full
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Overall Pipeline: Adopting HaMeR

p 𝐳 𝐱 ~𝒩 𝟎, 𝑑𝑖𝑎𝑔 𝝈𝟑𝑫" → p G𝒚 𝐱 ~𝒩 𝟎,𝐖𝑑𝑖𝑎𝑔 𝝈𝟑𝑫" 𝐖/

→ p G𝒚 𝐱 ~𝒩 𝝁𝟑𝑫,𝐖𝑑𝑖𝑎𝑔 𝝈𝟑𝑫" 𝐖/

→ # of parameters: diagonal ≈ ours ≪ full  

→ Expressiveness in capturing correlations: diagonal < ours < full

𝑑! = 1024, 𝑑" = 63

Diagonal OursFull
(a) FreiHAND

Diagonal OursFull
(b) HO3Dv2

• Inability to model aleatoric (data) uncertainty

• Uncertainty modeling in the absence of joint correlation knowledge

[1] Pavlakos et al., "Reconstructing Hands in 3D with Transformers," CVPR 2024.

𝑔 𝑓 𝐱 = 𝝁

𝑔!012 𝑓 𝐱 ~𝒩(𝝁, 𝑑𝑖𝑎𝑔(𝝈"))

𝑔3455 𝑓 𝐱 ~𝒩(𝝁, 𝜮)


